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The application of Artificial Intelligence and Red
Relief Image Map in interpreting geological disaster

potentials in watersheds

Abstract

Establishing a reliable Landslide Susceptibility Index (LSI) map
based on a long-term and detailed catalog of landslides is one of the most
Important tasks to prevent and mitigate the risk of landslides. In this study,
the widely available and common preparatory factors such as slope, aspect,
total flux, lithology, and digital elevation map are collected, and the red
relief image maps with 3D visualization characteristics are supplemented
to construct a convolutional LSI model. The frequency multiplication
balancing method has been validated to be able to improve the model
performance by weighting the loss function for the landslide unbalancing
data. We trained various LSI models with 57 different combinations of 6
preparatory factors. The model with all 6 preparatory factors has the largest
area under the receiver operating characteristics. Moreover, the ablation
study has indicated that the models with total flux factor are good models,
and the order of importance of factors affecting the LSI model is lithology,
aspect, slope, digital elevation, and red map. With the technique of spatial
analysis of geographical information, the convolutional LSl model of this
study in combination with other hydrology and weather data can be
incorporated into the process of prediction and risk assessment of landslide

disasters.

Keywords: deep learning, Al, LSI model
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= f@gﬁi%] > - BRE wo i%%-ﬁ’}%‘g‘.ﬁﬁg Ak i g et
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B 3-15  #Fd S E 8 B H0R e o)

Tk kR ¢ http://neuralnetworksanddeeplearning.com/chap5.html

- ~ fx# S #ic (activation function)
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Sk
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f(z) = max(0, z) 0

(=) Softmax % - A o 2 E KB ﬁiﬂ P o s S
t14c[1,2,3,4,1,2,3]% s = Softmax & #cehiE % [0.024, 0.064,
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lteration 3

Iteration 4

Convergence

Y

Final
Value

B 3-16 Gradient descent § &)

Tk %k ik ¢ http://www.yaldex.com/game-development/1592730043_
ch18 levlsec4.htmi

= ~ $-B T %2 (gradient descent)
BT R T SBLATS i

(- ) # =& 7 52 (batch gradient descent) % 4B T "% &4~
77 7% > batch 5 - 2 F AL L BRIREDT G
£ p#-N S TR - e N TR aRELE
PR L ATRER- X GBI FEFT I A REE
Bl 3-17 % feacd Sehm AW 0 € - BCRTF Y EaD
LATY 8o REEFT U P 238 5 G0 B g 2R
S R R g RE R
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T kR ¢ https://www.itread01.com/content/1546601072.html
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10° Speed of learning: 4 hidden layers

— Hidden layer 1
: : : Hidden layer 2
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' 1 : : Hidden layer 4

i) . J— e ; ______________________ T
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0 100 200 300 400 500
Number of epochs of training

W 3-19 'PERY L FHPH TR PR

T %k ¢ https://blog.csdn.net/yejingtao703/article/details/793502

(=) # R R’F (exploding gradient) : :& ¥ ¥_%] % node g & { #7
E R ?“%J%i\itﬂ v a0 Jﬁi%ﬁi%] R
node # & -] »+-1> z\ﬁﬂ & % B layer ¢ node R ehsg it =
< o fg {HECRE B H 2 T o 24 2 H 4 ~ Batch Normalized
layer (BN layer) - BN layer ¢ ﬁﬁ%l > Al AT o Aol 3-20 A7

PR AR Z BB LA SRR RS B A K

Bkl Rk A R 4 R b A SR IR TR o

i

Ik
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@ 3-20 ﬁj&l » k& 4 > batch normalized layer

T kR ¢ https://wiki.tum.de/display/Ifdv/Batch+Normalization

(=) @A # & (overfitting): #73} overfitting 4, mfré{ﬁli?“ﬁ
&Mﬁmwwﬁﬁ”wﬁﬁm&&Gmmmm)@ﬁ%ﬁ
PIRFH A FRACPIRBFTHOEL EREL S W ¥
SRR S FFSEAPRT R EZ AT aRRT R
RN GRppRISHRTHEH 2 LA N - BT i
E Tk H T R R SRR TSR S R L &
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Bangsek o @ % b anode KR o Bk 0T UL B
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(Regulari-zation) » &]4-™ & = 3% 5 L2 regularization s B

7B v GBI A Sl i T 4 overfitting stk o
Cost function = Loss + % 3 | |w]|? (1)

(3) 4t » dropout-dropout =1 it 5 & =t 3" pF > & § e node
FO g % - R Bl do Bl 320 4 o FE A e B

G R L ATAY S BB Bk 1 4% %P node -
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(a) Standard Neural Net (b) After applying dropout.
W 3-21 i * Dropout 2 § &)

7L kR - (Srivastava, et al. 2014)
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T2 F A 8% CNN #3B Y aidie PlF- B
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d e PEREREFIE RN FIFLEY
(highpass) 5% o F]0 2 et /) F & AR Link &
F B (b4 2x2 pixel) p ;agw‘;tﬂ,ﬁ] I S UE - YRS
%o e BH PR RE R ARGRE ks A 2 F
PR R R R e

B E A CREES e P rERAETFLAGE 2EHN

% g gt (Fully Convolutional Neural Network » FCN) #- 2 3% & i<
2EAA et IR % § A - B - e feature map @
7 &_ CNN - ‘2 feature map - # &+ ,u_@;qg#%:«g% » B i? & B

pixel H3E ] 4 F1h 25 AR DA G 0 v DR SR
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Flm 4v -7 FFF model 3" R i AR

LRSS RE L R L R T R
* CNN 175 2 B o E 84 S p 1986 & 4% &1 %k
©F B 5 E > 2012 & 5 ImageNet ] s s &5 F P 0 4 £+ 3
i 5 < 8 ¥k Geoff Hinton e9%= 3 Bk 2 CNN His#-B] * 7 5 3%

% 7 85% < CNN ¥ %% 3¢ 7 Lenet (1986) - Alexnet (2012) -

‘\}Q

GoogleNet (2014) 2 2 VGG (2014) - TLERT UEIR > SHEA
ehig * fREd <@ o] o Bilde googleNet 0% — B S ARk & 1 0 TXT en
b LEAF NI 450X H A& 5 AB Pl gl B

W Asm & RS o Googlenet FEER T REF RFFRM Y B Y { F 0
ERAT ED{4F s % o L% GoogleNet 73k 3+ (Szegedy,
et al. 2015) » AR enfi LG - # ekt > L5 inception layer (B
3-22(a)) (He, et al. 2015) » iz £ 4 &_% p 3% Network in Network » 7=
ThE - kB E R G- AR S o a IR AL
Fend gy o AR E SR H RS AT o H 2 Ao B
3-22(b)#m -googlenet <13k £ ¢ 3 7 Convolution & (¥ ¢ % )-Pooling
B (l=d %) %d HH AT K HEZT 7 inception layer » £ {8 s

;Tﬁi%lﬂ'.- plE_#% * Softmax & -
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W 3-22 GoolgleNet 7 4 2 12 £ £ inception layer

AL %k (He, etal. 2015)

Deeplabv3+7 £ 5 Google fiF & » E 1t & AT > » =3 B
TR B B HCRR P ehf 4R % 2 2 eh Xeeption (Ronneberger, etal. 2015)
A A B A FCN enZf 4 o &2t 3¢ f?mﬂﬁj N i Tk 3
R & F 354 it (Atrous Spatial Pyramid Pooling » ASPP) #i-% > ASPP d
7 B & F ¥4 v (Spatial Pyramid Polling - SPP) (Huang, etal. 2016) 4«

+ zF %4 (atrous convolution) (Zhan, et al. 2017) & = o ASPP #£ 4
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CEMEN LR R ETR M A 4 vk (Dronner, et al.
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744 %R ¢ (Liu, et al. 2019)
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(Deep Neural Network » DNN) ¢+ (B 3-15): # ¥ it { 2% 04 &
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Mapping the landslide susceptibility index in I-Lan area with deep
learning and convolutional neural network
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Deep learning with red relief map for mapping the
landslide susceptibility index in I-Lan area
Chien-Chih Lai!, Cheng-Chien Liu 2, Chen-Yu Wu?, Chen-Yu Chen’, Pei-Yin Chen?
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ABSTRACT

Establishing a reliable landshde susceptibility index (LSI) map based on a long-term and detailed landshdes
inventories i1s one of the most mmportant missions to prevent and mutigate the risk of landslides. In the past, the
general method was to assume that 181 is determined by several preparatory factors which are analyzed in different
statistical analysis methods. A functional model 1s constructed by fitting the observation data to find the weight of
each potential factor iteratively. Such an approach does not take spatial information into consideration in the model
or needs to adapt spatially relevant poteniial factors with expert knowledge, such as hydrological flux. In recent
years, due to the advancement of big data technology and parallel computing hardware, deep learming image
recognition has also expanded rapidly. The Convolutional Neural Network (CINN) uses filters to extract features
from images. After the fully convolutional network (FCN) was proposed, the image classification was evolved from
the full image classification to a single pixel level, which 1s called the semantic image segmentation. The
charactenistics and spatial pattern of the preparatory factor maps might be extracted by FCN to establish a rehable
landshide susceptibility ndex map.

Visualized characteristics of the preparatory factor maps are not generally difficult to identify by human eyes. To
overcome this problem, the red relief image map (RRIM) proposed by Chiba et al., which presents the slope and
openness of topography by redness and brightness respectively in the image. Without shadmg by simulating incident
light direction, the RRIM can express the fine topographic structure and even the topographm characteristics of
landslides. This study proposes to use fully convolutional neural network for semantic image segmentation. In
addition to the commonl) obtamable and applicable preparatory factor maps, the RGB bands of the RRITM would be
used to mmprove the traimung model of the FCN. The general preparatory factors consist of the slope, aspect,
lithology, and total flux which were calculated and collected 1n 5-m resolution from the DEM of the Taipingshan
area in I-Lan While the preparatory factors and the RGB bands of the RRIM are the input of the training model, the
landshide mventory data established by a semi-automatic expert system from 2005 to 2016 are the label data as the
traiming target. Except for the classification task of deep learming, our model needs to estimates the landshide
susceptibility probability which may be defined as the posterior probability of landslides while the preparatory
factors exist. The final output layver of the model is the softmax function which would represent the posterior
probability of landslides. The landshide susceptibility index model evalvated in this study would establish an
accurate map of the landslide susceptibility index, which may assess the hot spots of high-risk potential disasters,
and provide early warning of landslide disasters to prevent the loss and damage the landslides.
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Deep learning with red relief image map for mapping the landslide
susceptibility index in I-Lan area

Chien-Chih Lai, Cheng-Chien Liu, Chen-Yu Wu, Chen-Yu Chen, Pei-Yin Chen

1.  Landslide susceptibility index (LSl is essential to the| (& Red relief image map (RRIM) can express the fine
areas susceptible to landsliding. topographic characteristics of landslides.
hmhmmmrmnhlﬁmhhmlm Represent the slope and ness of topography
mb-n h ing evacuation routes and issui “ﬂ hymﬂlessandwm'IﬁD:m
loped. These measures depend on Provide 30 pective visualization without
uﬁwwmwmmmamw‘mﬂ aid, pers an
susceptible to landsliding. Should be equipped to have precise features for
CNN training.
r Preparatory factors should be obtainable and
applicable anywhere.
. To get more landslide area data, the
o study site, I-Lan area, in which many
' landslides were occurred in the past
- : yaars was picked.
o o Located in the northeast part of Taiwan.
Total flux o A.In}udefmmﬂ-ﬂlﬂmasllw-ﬂﬁﬂm
asl.
3 Multi-variate models did not account for the different & Vulnerable to typhoons and extreme
confribution of various preparatory factors.
) mﬂ! _Jﬂt.ul Wﬁ:f&wﬁll deﬁn:’n . Feature engineering
=4 L S o ! - as The slop {0=-30<), aspect (0=-360<) and total flux (floating number)
rwmumgmmmmﬂnnama - ai&wmmnamﬁwdlasmmammdm
Lin, C~C.*, Lup, W, Chen, M-C., Lin, ¥-T., and Wen, H-L. (2016) A new region- =  Theli MW feature is nominal data lededh* the Central
bazed prepamatory fctor for landslide ity models: the fotal fhos. Landshides. Survey of Taiwan, which will be encoded with one-hot
131049 (dod:10.1007/510346-01 5-0620-3) ng scheme.
4.  Cloudnet has been validated to be an useful 3.  The cumulative percentages of landslide occurrence
convolutional neural network (CNN) architecture for (CPOLO) are commaonly used to access the
image segamentation in cloud classification performance of the LSl
= Residual training can keep spatial 10D | o  The steeper the CPOLO curve,
immhlmmﬁwmk — a0 | the better the capabality of
E.. - process. s Poling (ASP) £ . | LSM to predict landslides.
R et Pyramid Polling o - ' -
g gnm i S snshs g g / ) Tig:r'd‘l!m b\l:unwm
=1 8o i without RRIM.
Liw, C-C.*, Zhamg, ¥-C.; Chen, P-Y; Lai, C-C.; Chen, Y-EL; Cheng J-H: Ko, M- ) I———
H. (2018) Clouds clasziScation fom Sentinal-2 imagery with deep residual leaming 0 20 40 &0 B0 100
and semantic image segmentation. Remate Sensing, 1172), 119 LS1 Rank (%)
5. In our preliminary studies, the LS| model based on 10.  Adding the RRIM to LSI model did not raise the
Cloudnet architecture can improve the performance performance of the CPOLO curve.
of the prediction at the top 1% highly susceptible o —
area. F — B
o The percentage of improvement is 193% at the top 1% rank tw 9/ o T""“""":{:‘”"‘!u’m
o However, the performance inside the top 20% ranks is still i
lower than the multi-variate madel {Liu et al. 2016) and the g incorporating the RFIM data.
uwmw;uﬁalwﬁmmﬂ\oduwmdm “
o
- mdnmﬂmmmﬁamﬁ 10%, o aﬂﬂdﬁa? ?D 100
and 20% L1 rank on previcus studies and Cloudnet LSI model. nk (%
. 1. Summary
|Io :1%-. 4&181.'; ig'l;: o Currently, we have not found the good performance while
0 S0 345 55,7 integrating the RRIM into the Cloudnet LSI model.
= = ' = More effect may be needed to transform the
e mdl mm'i“'c' @ﬂli'{') : : mﬂ.i I“rl &= - : bwneenmuluu andla':dsid! iuswt:ilm e
Ems:-'."ﬂnci.ug.‘lb.lﬂﬂl?."sl1}346-1}1?{1393-9_ o Other deep leaming models may be examined in the future.
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